Abstract
Introduction

2012)). Conversely, other studies have found little or no evidence of spatial influences
94
between neighbouring farmers (Schmit and Rounsevell 2006) . Generalising from these cases 95 is difficult because data with sufficient spatio-temporal detail are scarce while contrasting 96 theories of social diffusion are common. This often forces researchers and policy-makers to 97 choose between discredited 'universal' mathematical descriptions that ignore social, cultural 98 and environmental contexts, and unworkably specific descriptions suggested by social 99 research that focus on these contexts rather than any overarching behavioural consistencies 100 (Mahajan and Schoeman 1977; Ruttan 1996; Strang and Soule 1998; Brown et al. 2016a ).
101
Additional empirical research is therefore needed not only to establish the importance of 102 knowledge diffusion, but also to identify the general assumptions that can and cannot be 103 made about its form when projecting future land use change and designing policies.
104
This work explores three case studies to assess the extent to which spatial diffusion between 105 land managers is still a meaningful process. Using records of uptake of subsidy schemes and 
Materials & methods
118
Three datasets were analysed using logistic regression models in the R package arm (Gelman 119 and Hill 2007) (details below). These datasets described the uptake of new crops (Oilseed large-scale 'neighbourhoods' (described below and in Table 1 ). In some cases, data were too 131 sparse to robustly estimate effects of all explanatory variables, and so analysis was conducted 132 both with and without these variables in these cases. Results (from 1969, 1972, 1976, 1979, 1981, 1988, 1993, 1994, 1995, 1996, 154 1997), and at 2 km grid scale (EDINA 2012 (2005, 2006, 2007, 2008, 2010, 2013) .
229
Statistical analysis
230
Regressions models were fitted for each dataset and over a range of neighbourhood radii and 231 timescales. From these models, those with the 'best' fit were selected using Akaike neighbourhoods of differing radii (2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 25, 30, 35, 40, 45, 50 expected to be detectable through changes in the neighbourhoods contained in the best-fitting 273 models. In every case, the dependent variable was a binary measure of uptake or lack of 274 uptake (1/0).
275
Dedicated models of spatial diffusion processes were not applied because these include more 276 rigid asumptions about the size and form of neighbourhoods, which would have necessitated 277 very extensive testing while potentially excluding valid alternatives, and while also being 278 more challenging to define in the absence of suitability data. Instead, the range of unweighted 279 neighbourhoods described above were used to account for potentially varied spatial 280 influences, from which forms of diffusion (or other effect, where possible) may be inferred.
281
Each dataset was analysed using two-tailed binomial logistic regression models of change
282
(adoption) or lack of change (non-adoption) using all available explanatory variables (both 283 including and excluding the spatial proximity of previous changes). These models assume 
Results
308
Oilseed Rape
309
Results of the oilseed rape analysis were broadly consistent across years in terms of the numbers of data available in Table S1 ). These suggested that cells with larger agricultural zero effect on uptake (Table S1 ). 
- ( (over one year), 20-40km (over two years) and 40-60km (over three years) (Figure 3 ).
356
Following this, repeated evidence of increased uptake within neighbourhoods of radii 40km
357
and less around sites of adoption over the four preceding years was found using the full shown only where the neighbourhood had a non-zero effect on uptake (Table S2) . Scheme taken from the model with the lowest AIC value for each year of the analysis.
383
Results from equally well-supported models (AIC within 2 of minimum value) are not shown Tables S2a-v. 390
Energy Crops Scheme
391
The analysis of the English Energy Crops Scheme suggests that neighbourhood effects may 392 have existed in each of the years for which sufficient data were available (2005, 2006, 2007, 393 2008, 2010 and 2013) . Based on AIC scores, 29 models were identified as providing the best 394 fits to the data. In 13 of these cases, the distance to the closest preceding uptake of the 395 scheme, or the number of preceding instances of uptake within neighbourhoods of 40km results and numbers of data are given in Table S3 ). Effects were most commonly detected and model averaging in behavioural ecology using Akaike's information criterion.
633
Empirical evidence for the diffusion of knowledge in land use change -Supporting Information 656 Table S1 : Series of sub-tables giving results of models that minimised AIC scores for each year of the 657
Oilseed Rape analysis, in terms of odds ratios and 95% confidence intervals of the fitted model, as 658 well as area under the receiver operating characteristic (ROC) curve (AUC). Intercepts are omitted. 659
The neighbourhood term here is labelled as 'OSRnghbrs' and the radius of each neighbourhood is 660
given above each sub-table. Because the 'OSRnghbrs' term refers to the proportion of neighbouring 661 cells with uptake at the previous census, its value is often very low, producing very high fitted values. 662
Where explanatory variables were available only in some years, models were defined both with and 663 without those variables, with all results presented below. Explanatory variables are defined in Table  664 1 and labelled as: 'livestock' = area of livestock farming within cell (ha), 'crops' = area of crops within 665 cell (ha), 'part.time' = number of part-time farmers within cell, 'no.holdings' = number of land 666 holdings within the cell, 'area' = total agricultural area within cell (ha), 'rented' = area of rented land 667 within cell (ha), 'owned' = area of owned land within cell (ha), 'workers' = number of farm workers 668 within cell. 669 670 671 
